Introns, noncoding sequences interrupting protein-coding genes, are the hallmark of eukaryotic genes organization (Lamond 1999; Rodriguez-Trelles et al. 2006; Roy and Gilbert 2006) . The introns are removed and the fragmented coding sequences, exons, are spliced together through the action of the spliceosome, an enormously complex molecular machine that consists of multiple small RNA and protein molecules, and is conserved in all eukaryotes (Jurica and Moore 2003; Collins and Penny 2005) .
So far, introns were found in all eukaryotic species with fully sequenced genomes, albeit at a range of densities that spans orders of magnitudes: in large genomes of multicellular eukaryotes, most genes contain multiple introns, whereas many unicellular eukaryotes with compact genomes possess mostly genes containing only one intron or intronless genes (Logsdon 1998; Mourier and Jeffares 2003; Jeffares et al. 2006) . Moreover, numerous introns have their genomic position conserved between different taxa, including distantly related ones such as animals and plants; some of these introns persist even in unicellular eukaryotes with extremely intron-poor genes (Fedorov et al. 2002; Rogozin et al. 2003; Russell et al. 2005; Vanacova et al. 2005; Rodriguez-Trelles et al. 2006; Roy and Gilbert 2006) . A comprehensive theory to explain all of these observations-intron abundance, vast differences in distribution among species, and high level of position conservation-is still missing. Generally, introns are thought not to have functions (Doolittle and Sapienza 1980; Orgel and Crick 1980; Hickey et al. 1989; Lynch and Conery 2003) although some introns contain functional sequences, such as genes for small RNAs (Ying and Lin 2005) , or contribute to coupling of gene transcription, splicing, and mRNA export (Maniatis and Reed 2002) . The distribution of intron densities among species has been suggested to reflect differences in effective population size and in mutation rates (Lynch 2002; Lynch and Conery 2003) . This population-genetic perspective predicts an inverse correlation between intron gain and loss along lineages, a prediction that was refuted by our observations (see accompanying paper in this issue, Carmel et al. 2007 ).
Several recent genome-wide studies have attempted a reconstruction of the history of intron gain and loss during the evolution of eukaryotes. These analyses used different approaches and models of evolution-in particular, parsimony and various techniques of statistical inference such as maximum likelihood (ML) (Rogozin et al. , 2005 Qiu et al. 2004; Csuros 2005; Nguyen et al. 2005; Roy and Gilbert 2005a,b) . Depending on the method and specific assumptions, these studies yielded evolutionary scenarios that widely differ with respect to the relative contributions of intron loss and intron gain. Some found a considerable excess of losses (Roy and Gilbert 2005a,b) , others found exactly the opposite (Qiu et al. 2004; Nguyen et al. 2005) , and yet others found many losses and gains but did not determine which of these processes is dominant Csuros 2005) .
The incongruity between these reconstructions stems from several sources (Rogozin et al. 2005; Roy and Gilbert 2006) . In brief, Dollo parsimony tends to underestimate the number of introns in ancestral nodes and to overestimate the number of gains in branches leading to extant species. The technique of Roy and Gilbert, which combines aspects of parsimony and ML (Roy and Gilbert 2005a,b) heavily relies on the assumption that introns located at the same genomic position necessarily have common ancestry, thus overestimating the number of introns in ancestral nodes (Csuros 2005) . The evolutionary model developed by Qiu et al. (2004) assumes that, for each gene family, intron gain and loss rates are uniform across the entire phylogenetic tree, an assumption that is clearly not supported by empirical observations. The ML (Csuros 2005; Nguyen et al. 2005) consider only intron-bearing sites for their inference and use different additional procedures to estimate the number of sites that do not harbor introns at all.
Common to all previous studies on intron gain and loss is that they use branch-specific models, meaning that the probability of events (intron gain or loss) to happen along a branch depends only on intrinsic properties of this branch. Importantly, this probability is assumed to be the same for all genes; in practice, this means that all genes are concatenated. Methodologically, there is a strong incentive for using branch-specific models, because it substantially reduces the number of parameters in the model. Insufficient data is a major problem in statistical inference involving a large number of parameters. Specifically, ML estimators are known to improve, in terms of both bias and variance, with the increase of the data set size (Lehman and Casella 1998) . The data sets available for analysis of evolution of gene structure are relatively small , such that, to maintain inference reliability, the number of parameters in the models had to be reduced at the expense of losing potentially important information on intron gain and loss rate variations between genes.
The only exception to the approach described above is the model of evolution used by Qiu et al. (2004) . They developed a gene-specific model, whereby the probabilities of intron gain or loss in a particular gene along a particular branch of the phylogenetic tree depend solely on the identity of the gene. Such an approach, however, is even less realistic in light of the observed differences in event turnover rates between species and clades.
In reality, the likelihood of the gain or loss of an intron in a given position depends on both the gene and the branch. Thus, we designed a more comprehensive model of evolution, in which both lineage and gene heterogeneity is taken into consideration. In our approach, a specially developed methodology overcomes the problems caused by the multitude of parameters and provides for accurate reconstructions, as shown by extensive simulations (see the accompanying paper, Carmel et al. 2007 ). In addition, we developed means to decompose the relative contributions of the lineages and the genes to the observed rates of intron gain and loss. Combined with a large data set consisting of 391 sets of orthologous genes from 19 eukaryotic species, this methodology leads to more conclusive inferences on intron gain and loss than achievable previously.
In the accompanying paper (Carmel et al. 2007 ), we report the more traditional analysis at the lineage level. Here, the results of the analysis at the gene level are reported. We show that genespecific intron gain rate correlates negatively with the sequence evolution rate and that gene-specific intron loss rate shows the opposite, positive correlation with the sequence evolution rate. Thus, much of intron accumulation in conserved genes might be an adaptive process; conceivably due to the effect of introns on gene expression at several levels.
Results and Discussion
The model of evolution This model is detailed in the accompanying paper (Carmel et al. 2007 ). Here, we provide a brief summary, with the emphasis on the aspects of the model that are most pertinent to the analysis of the gene-specific components of intron gain and loss. Let us consider an S-species rooted phylogenetic tree (hence, with N = 2S ‫מ‬ 1 nodes), with a known topology and known branch lengths (in time units), ⌬ 1 ,...,⌬ N‫1מ‬ . We adopt the convention that branch t is the one leading into node t, and that the root is indexed by zero. Let q t and q t P stand for the state of node t and its parent node, respectively, where the state can be either zero (absence of an intron) or one (presence of an intron). The transition matrix for gene g along branch t, T ij (g,t) = P(q t = j| q t P = i,g), is given by
where g and g are gene-specific gain and loss rates, respectively, and t and t are branch-specific gain and loss coefficients, respectively. Importantly, the form of this transition matrix explicitly states that the probability of each event (gain, loss, retention) depends on both the gene and the branch.
The inference procedure
We developed a methodology, based on an expectationmaximization algorithm, to reconstruct the history of intronexon evolution (see the accompanying paper, Carmel et al. 2007 ). This reconstructed history consists of three components: the matrix P of size S ‫מ‬ 1 (number of internal nodes) over G (number of genes), with P(t,g) being the inferred number of introns in gene g at internal node t; the matrix A of size 2(S ‫מ‬ 1) (number of branches) over G, with A(t,g) being the inferred number of intron gains in gene g along branch t; and the matrix L of size 2(S ‫מ‬ 1) over G, with L(t,g) being the inferred number of intron losses in gene g along branch t. In the accompanying paper (Carmel et al. 2007 ), we used extensive simulations to show that, on average, the relative error in estimating the number of ancestral introns is 1%, the relative error in estimating the number of intron losses is 3%, and the relative error in estimating the number of intron gains is ∼11%. These reconstructions reflect the combined effects of the branches and the genes. Another algorithm was devised to decompose these reconstructions into the separate contributions of the branches and the genes (see Methods). In formal terms, the algorithm uses the reconstructions as the input for the estimation of the branch-specific intron gain and loss coefficients, t and t , and the gene-specific intron gain and loss rates, g and g (see Methods).
Here, we investigate the contribution of the gene-specific component of intron gain and loss to the evolution of eukaryotic genes. With respect to parameter estimation, this is a much harder problem than the analysis of the branch-specific component because, in a typical data set, the number of genes (G) vastly exceeds the number of branches [2(S ‫מ‬ 1)]. In our data set, G = 391, which is more than 10 times the number of branches [2(S ‫מ‬ 1) = 36]. The process of estimating branch parameters can be construed as using data from G different sources (i.e., what happened to each gene along the given branch). Conversely, the process of estimating gene parameters uses only 2(S ‫מ‬ 1) different sources (i.e., what happened to each gene along all branches). Since 2(S ‫מ‬ 1) is small compared with G, the estimate of the gene-specific parameters is expected to be of lesser accuracy. Based on the simulation results, we found, in the accompanying paper (Carmel et al. 2007) , that the mean correlation coefficients between the estimated branch-specific rates and the actual (simulated) ones are 0.97 for loss rate, and 0.90 for gain rate. Using the same set of simulations, the average correlation coefficient of the gene-specific rates are 0.77 for intron loss and 0.75 for intron gain (Supplemental Fig. S1 ; Supplemental file raw_data.xls). The clusters of orthologous eukaryotic genes (KOGs) (Tatusov et al. 2003; Koonin et al. 2004 ) with the highest gain rates (top 10%) are listed in Supplemental Table S1 , and the KOGs with the highest loss rates are listed in Supplemental Table S2 .
Positive correlation between gene-specific rates of intron gain and loss The results at the gene level lend further credence to the existence of a universal, balanced mode of evolution. In the accompanying paper (Carmel et al. 2007) , we proposed that the positive correlation between intron gain and loss rate, which is unexpected from the population-genetic perspective, stems from mechanistic components shared by these two processes. Under this hypothesis, positive correlation between intron gain and loss is also expected at the level of individual genes. Indeed, the correlation coefficient between intron gain rate and intron loss rate was found to be positive (albeit relatively small; R = 0.16) and statistically significant (P = 0.003), even after the correction for multiple comparisons (see Methods) (Fig. 1A) .
We further checked that the correlation between the genespecific rates is not an artifact stemming from effects of tree topology. To this end we used the simulated data (see the accompanying paper, Carmel et al. 2007 , for details) where the true (simulated) gene-specific rates are known to be uncorrelated. For each simulation we estimated the gene-specific rates and measured the correlation between the estimates. Practically zero correlation was detected between the estimated gene-specific rates, proving that the significant correlation detected with the real data are not artifactual (mean correlation coefficient between estimated rates over 100 simulations was ‫,0700.0מ‬ maximum correlation found in the simulations ‫,3400.0מ‬ and minimum correlation ‫.)1310.0מ‬
A consequence of the positive correlation between genespecific rates of intron gain and loss is that eight KOGs are common to the lists of the top 10% (39) intron gainers (Supplemental Table S1 ) and the top 39 intron losers (Supplemental Table S2 ), which is a significantly greater overlap than expected due to chance (P = 0.044; one-sided binomial exact test). These genes seem to be particularly dynamic, displaying a wide repertoire of intron-exon structures.
Increased intron gain and decreased intron loss in slowly evolving genes
We investigated possible links between intron gain and/or loss and other aspects of gene functions and evolution that do not appear to be linked to introns, at least, at face value. No evidence was found that intron loss or gain rate significantly depended on the biological function of genes (Supplemental Fig. S2 ; Supplemental Tables S1, S2 ).
Next, we tested the correlation between intron gain and loss rates and seven quantitative variables, namely, evolution rate of the coding sequence, propensity for gene loss during evolution, number of paralogs, expression level, connectivity in proteinprotein interactions, connectivity in genetic interactions, and lethality in knockout experiments. The values of these variables for the analyzed genes were taken from a recent detailed study on unifying measures of gene function and evolution (Wolf et al. 2006) . As shown in Table 1 , intron gain rate showed significant negative correlation with evolutionary rate (Table 1 ; Fig. 1B ; R = ‫;22.0מ‬ P = 1 ‫ן‬ 10 ‫5מ‬ ) and significant positive correlation with expression level (Table 1 ; Fig. 1C ; R = 0.18; P = 3.6 ‫ן‬ 10
‫4מ‬
) and with the number of paralogs (Table 1 ; Fig. 1D ; R = 0.15; P = 3.06 ‫ן‬ 10 ‫3מ‬ ). Intron loss rates showed almost the opposite behavior, with significant positive correlation with evolutionary rate (Table 1 ; Fig. 1E ; R = 0.31; P = 2 ‫ן‬ 10 ‫8מ‬ ) and significant negative correlation with expression level (Table 1 ; Fig. 1F ; R = ‫;32.0מ‬ P = 4 ‫ן‬ 10
‫5מ‬
). Expression level and evolutionary rate are known to be strongly negatively correlated (Pal et al. 2001; Wolf et al. 2006 ). This correlation is seen in the current analysis as well, with a correlation coefficient of R = ‫54.0מ‬ (Supplemental Table S3 ). Thus, the observed correlations between intron gain and loss rates and evolutionary rate, in principle, might be side effects of the dependence of intron gain rate on expression level, or vice versa. Partial correlation analysis (Table 2) shows that the fundamental correlations that remained significant after the control for the effect of other 
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www.genome.org on July 11, 2007 www.genome.org Downloaded from variables are those between intron loss and gain rates and sequence evolution rate, with the correlation being positive for loss rate and negative for gain rate (Table 1) . Thus, slowly evolving conserved genes tend to gain introns at elevated rates and also tend to retain their existing introns. This trend is expected to lead to a net increase in the number of introns. Indeed, in our data set, there is a strong and significant negative correlation between the density of the intron positions in a gene and its sequence evolution rate (R = ‫;13.0מ‬ P = 5 ‫ן‬ 10
‫01מ‬
). This finding refutes the notion that genes with fast evolving coding sequences show a higher turnover of introns than sequences with a slower rate of evolution (Castillo-Davis et al. 2004) .
The correlations between intron gain and loss rates and other genomic variables can be visualized using multiple linear regression (Fig. 2) . Although the errors in the regression coefficients considerably increase when the variables are not independent (as in this case), one can get an impression of the relationships between the variables from the figure. Specifically, the central role of the sequence evolution rate is conspicuous.
Despite the positive correlation between them, intron gain and loss rates show opposite correlations with sequence evolution rate and expression level. This suggests, in accord with the notion of the balanced mode of evolution (see the accompanying paper, Carmel et al. 2007) , that there is a universal process of intron gain and loss in which gain and loss rates are strongly and positively correlated. This process is likely to be independent of gene properties, such as sequence evolution rate and expression level. On top of this background process, some genes show significant variations in gain and loss rates that do depend on gene properties and are inversely related. This conjecture implies that the positive correlation between intron gain and loss rates (R = 0.16) is the low bound of the correlation that characterizes the universal background process. Indeed, when the correlations of intron gain rate with genomic variables are recomputed after controlling for intron loss rate, or vice versa, the observed trends sharpen (Table 2) .
Conclusions
The results of this analysis reveal two major gene-specific trends of intron gain and loss. First, the gain and loss rates are moderately, but significantly and positively, correlated with one another. Second, these rates show a striking pattern of correlations with the rate of evolution of the gene's coding sequence, such that evolutionarily conserved genes tend to gain more and lose fewer introns than faster evolving genes. These results suggest that evolution of introns consists of a neutral background component and a selection-driven component. The neutral background seems to correspond to the balanced mode of evolution, where intron gain and loss rates are proportional, possibly reflecting mechanistic similarities in the two processes (Sverdlov et al. 2004 ; see also the accompanying paper, Carmel et al. 2007 ). The selection-driven component of intron evolution is manifested in the significantly increased gain and significantly decreased loss of introns in evolutionarily conserved genes such that, as the net result, these genes have a considerably greater intron density than faster evolving ones.
It has been repeatedly reported that highly expressed genes evolve slowly (Pal et al. 2001; Krylov et al. 2003; Jordan et al. 2004) , and it even has been suggested that gene expression level might be the primary determinant of the sequence evolution rate (Drummond et al. 2005 (Drummond et al. , 2006 . However, the present analysis strongly suggests that the correlations of intron gain and loss rates with the coding-sequence evolution rate are more fundamental than those with expression level, and in any case, are not reducible to the latter. Consequently, it appears most unlikely that the observed correlations have a mechanistic explanation (e.g., had the primary correlation been with the expression level, one could surmise that highly expressed genes have more oppor- (NP) Number of paralogs; (PPI) number of protein-protein interactions; (GI) number of genetic interactions; (PGL) propensity for gene loss; (ER) (sequence) evolution rate; (EL) expression level; (KE) knockout effect. The values of all these variables were calculated as previously described (Wolf et al. 2006) . The boldface values show correlations that are statistically significant after correcting for multiple comparisons (P < 0.0057). tunity for intron insertion). Thus, the present findings imply that many introns are sufficiently important for the functions of the respective genes to be subject to readily detectable selection. Introns have been shown to affect the expression of a variety of genes at several levels including mRNA export, stability, and translation efficiency (Bourdon et al. 2001; Rose 2002 Rose , 2004 Le Hir et al. 2003; Nott et al. 2003) . These complex effects of introns on gene expression might explain why intron insertion, in many cases, seems to be favored by natural selection, whereas loss of introns appears to be deleterious. As shown in the accompanying paper (Carmel et al. 2007) , the distribution of intron gains across the evolutionary tree of eukaryotes is highly non-uniform, such that gains apparently occurred primarily during major evolutionary transitions, such as the origin of the animals. Conceivably, accumulation of introns in these transitional epochs contributed to the evolution of new networks of expression regulation. Thus, the results described here indicate that the notion that introns, in general, have no function and are retained passively owing to relaxed purifying selection in small populations (Lynch 2002 (Lynch , 2006 Lynch and Conery 2003) , is far from being a complete picture of intron evolution. On the contrary, both positive and purifying selection appear to be major contributors to the evolution of introns.
Methods
The data set
The steps taken to compile the data set are detailed in the accompanying paper (Carmel et al. 2007 ). In brief, we identified 391 sets of orthologous genes from 19 eukaryotes for which we could define regions of highly reliable alignment. The species include nine metazoans (Caenorhabditis elegans, Strongylocentrotus purpuratus, Ciona intestinalis, Danio rerio, Gallus gallus, Homo sapiens, rodents (Mus musculus and Rattus norvegicus combined), Drosophila melanogaster and Anopheles gambiae); five fungi (Cryptococcus neoformans, Schizosaccharomyces pombe, Saccharomyces cerevisiae, Aspergillus fumigatus, and Neurospora crassa); two plants (Arabidopsis thaliana and Oryza sativa); two apicomplexans (Theileria parva and Plasmodium falciparum); and the amoebozoan Dictyostelium discoideum. We adopted the traditional tree topology with the root in between apicomplexa and the common ancestor of multicellular eukaryotes (Supplemental Fig. S3 ), and we assumed monophyletic coelomates (the grouping together of arthropods and deuterostomia, to the exclusion of nematodes). The results, however, are practically insensitive to variations in the topology, as shown in the accompanying paper (Carmel et al. 2007 ). Intron positions were projected onto the alignments to form a binary presence/absence map . The data is available from ftp://ftp.ncbi.nih.gov/pub/koonin/ carmel_introns/, see file final_data.zip.
Decomposing intron gains
For a gain in branch t to happen, the site in the parent node should be in state 0. If we denote by L(g) the length of the alignment of gene g, then the number of such sites is L(g) ‫מ‬ P(t P ,g) + 1 ⁄2L(t,g), where t P is the parent node of t. The last term (in most cases negligible) accounts for sites that hosted an intron at the beginning but lost it somewhere along the branch. Therefore, the gain probability per site of gene g along branch t is just
Under the adopted model of evolution, this probability is given by
This last equation means that P G (t,g) is approximated by a multiplication of a column-vector ( t ⌬ t ) and a row-vector g , which is, by definition, a rank-1 matrix. A well-known result (Golub and Van Loan 1983) is that the best rank-1 approximation of a matrix (in the Frobenius norm sense, that is, the square root of the sum of squares of all elements in the matrix) is achieved by using the first right and left eigenvectors of its singular value decomposition (SVD). Therefore, if u t and v g are the first left and right eigenvectors, respectively, of the SVD of P G , then, up to a normalization factor
The accuracy of these estimations was tested using an exhaustive simulation study (for details see the accompanying paper, Carmel et al. 2007 ) and was measured as the correlation coefficient between the estimated parameters and the actual (simulated) ones. In the accompanying paper (Carmel et al. 2007 ), the ensuing branch-specific intron gain rates were shown to have a correlation coefficient of 0.90. The gene-specific gain rates have a correlation coefficient of 0.75 (Supplemental Fig. S1 ).
Decomposing intron losses
Since it is more convenient to refer to retention than loss, let R(t,g) = P(t P ,g) ‫מ‬ L(t,g) be the number of introns retained on branch t for gene g. The retention probability per site is
where, for convenience, we introduced the notation t = 1 ‫מ‬ t . Analogously to what we have done for gains, we find by iterative algorithm the vectors t and t that best approximate P R (t,g) in the Frobenius-norm sense. There is, however, a major difference between gains and losses. While the number of sites available for gains, L(g) ‫מ‬ P(t P ,g) + 1 ⁄2L(t,g), is always much greater than zero, this is not so for losses. Whenever P(t p ,g) is zero (no intron at the beginning of the branch), L(t,p) must be zero too (no losses are possible along this branch), resulting in P R (t,g) being undefined, and therefore uninformative for the estimation of g (gene-specific loss rate). Of course, P(t p ,g) being zero is unlikely for concatenated genes, but highly likely at the level of individual genes. We can formalize it by defining the information content (IC) of a gene as the fraction of informative branches. A gene lacking an intron throughout the entire evolution will have IC equal to zero, while a gene that contains at least one intron in all internal nodes of the tree has IC equal to one. Clearly, no inference can be made about the loss rate of a gene with IC zero. Furthermore, inference on genes with positive, but low IC is also dubious as it relies on a small number of branches, thus lacking statistical power. In our data, 148 genes (37.9%) have IC = 1, and nine genes (2.3%) have IC = 0 (Supplemental Fig. S4 ).
